The integer-valued moving average model is advanced to model the number of transactions in intra-day data of stocks. The conditional mean and variance properties are discussed and model extensions to include, e.g., explanatory variables are offered. Least squares and generalized method of moment estimators are presented. In a small Monte Carlo study a feasible least squares estimator comes out as the best choice. Empirically we find support for the use of long-lag moving average models in a Swedish stock series. There is evidence of asymmetric effects of news about prices on the number of transactions.
Introduction
The paper focuses on modelling time series of the number of intra-day transactions in stocks. Such count data time series typically take on small numbers even for frequently traded stocks if the counts are recorded in short time intervals of, for instance, one minute length. There is an obvious connection between the current count data model and the conditional duration model of, e.g., Engle and Russell (1998) in the sense that long durations in a time interval correspond to a small count and vice versa. Hence, a main use of the count data models discussed here is also one of measuring reaction times to shocks or news. In this context straightforward use of the Box-Jenkins methodology for identifying parsimonious time series models raises fundamental questions about the resulting model specification when we wish to adhere to the integer-valued or count data nature of the number of transactions variable.
Previous models for the number of transactions or related variables within the intra-day financial arena have departed from conventional count data regression models or from extended model versions (e.g., Brännäs and Brännäs, 2004; Heinen and Rengifo, 2003) . Here, we consider a different approach and start from an integer-valued model corresponding to the conventional ARMA class of Box and Jenkins (1970) . An important difference between the continuous variable ARMA model and its corresponding integer-valued version (INARMA) is that the latter contains parameters that are interpreted as probabilities and then take on values in narrower intervals than do the parameters of the ARMA model (e.g., McKenzie, 1986; Al-Osh and Alzaid, 1991; Joe, 1996; Jørgensen and Song, 1998; McKenzie, 2003) . This then may make model identification of an appropriate model by correlation methods (Box and Jenkins, 1970) less suitable. While for the ARMA class, specification searches aim at models that leave no serial correlation and satisfy stationarity and invertibility criteria, the IN-ARMA specification should additionally have each parameter estimate of lagged variables in the unit interval.
In this paper the empirical results indicate that long-lag INMA models satisfy such restrictions, while mixed INARMA models do not. The INMA model class has been studied by, e.g., Al-Osh and Alzaid (1988) , McKenzie (1988) and Brännäs and Hall (2001) . As far as we are aware the only published, empirical application is due to Brännäs, Hellström and Nordström (2002) , who estimated a nonlinear INMA(1) model for tourism demand. This model had time dependent parameters that were functions of explanatory variables. The present empirical study is focused on a stock transaction series (Ericsson) registered at the order driven Stockholmsbörsen stock exchange and emphasizes different specification issues.
The INMA model is introduced in Section 2, where we also give some moment results and discuss conditional heteroskedasticity. General expressions for conditional and unconditional moments are obtained. Extensions to include explanatory variables in the conditional mean and a more flexible conditional heteroskedasticity specification are also discussed. Section 3 discusses estimation of unknown parameters and gives least squares and GMM estimators for the model class. The section also considers aspects of model evaluation and forecasting. A small Monte Carlo experiment to study some key characteristics of the estimators and of forecasts is included. Section 4 contains the empirical results for the stocks series. The final section offers some concluding comments.
Model
The single thing that most visibly makes the integer-valued MA (INMA) model different from its continuous variable MA counterpart is that multiplication of variables with real valued parameters is no longer a viable operation, when the result is to be integer-valued. Multiplication is therefore replaced by the binomial thinning operator
is an iid sequence of 0 − 1 random variables, such that Pr( u] . Employing this binomial thinning operator, the INMA(∞) model can be written
with mostly β 0 = 1. 1 The {u t } is an iid sequence of non-negative and integervalued random variables with, as above, E(u) = λ and V (u) = σ 2 . McKenzie (1988), Joe (1996) , Jørgensen and Song (1998) and others stress exact distributional results for y t , while we emphasize only the first two conditional and unconditional moments of the model. One reason for our choice will become apparent below when we discuss and introduce more flexible conditional mean and heteroskedasticity specifications for y t than implied by (1). As a consequence exact maximum likelihood (ML) estimation is beyond reach though otherwise a desirable candidate for estimation. We could potentially use ML estimation by directly specifying a conditional density for y t given its history Y t−1 ; cf. the conditional duration model approach of Engle and Russell (1998) .
The finite-lag INMA(q) model
was introduced by McKenzie (1986) . Brännäs and Hall (2001) discuss model generalizations and interpretations resulting from different thinning operator structures, and an empirical study and approaches to estimation are reported by Brännäs et al. (2002) . For the INMA(∞) model in (1), with independence between and within thinning operations, 2 and with {u t } an iid Poisson sequence with σ 2 = λ, and β 0 = 1, the moment expressions are:
It is obvious from these moments that they only generate positive values and that P ∞ i=0 β i < ∞ is required for {y t } to be a stationary sequence. Assuming instead, e.g., an iid distribution with mean λ and variance σ 2 changes the variance and the autocorrelation function to
while leaving the mean unaffected and as in (3a). In case the lag length q is finite, summing to infinity is replaced by summing to q in (3c)-(3d) and to q − k in the numerator of (3d). In that case ρ k = 0, for k > q. Figure 1 gives an illustration of two autocorrelation functions when β i , i ≥ 1, are set as in the Monte Carlo experiment, below.
The conditional moments for the INMA(∞) model are:
where Y t−1 is the information set available at time t − 1.
As the conditional variance varies with u t−i , i ≥ 1, there is conditional heteroskedasticity of a moving average type. We can call this property MACH(∞) and for finite q, MACH(q) (cf. the notation ARCH(p)). Note that the response to lagged u t−i s is weaker in the conditional variance (4b) than in (4a) as β i ∈ [0, 1]. The relative size of the two moments will largely depend on the sizes of λ and σ 2 . Note also that even though a Poisson distribution for u t implies a Poisson distributed y t , the conditional distribution of y t given its past is not the Poisson, as indicated, e.g., by the difference between (4a) and (4b).
As measures of reaction times to shocks/news in the {u t } sequence we may use the mean lag P ∞ i=0 iβ i /w, where w = P ∞ i=0 β i . Alternatively, we may use the median lag, which is the smallest k such that P k i=0 β i /w ≥ 0.5.
Extensions
There are two obvious extensions to the model that appear of high empirical relevance. First, we may let λ become time-varying and a function of explanatory variables. The natural specification is
where in x t we may include k variables related to previous prices, etc. A consequence of the time-varying λ t is that moment expressions become time dependent, but the additional difficulty with respect to estimation is marginal. Another obvious extension in order to obtain more flexible conditional variance specifications in (4b) is to let σ 2 become time dependent. We may let σ 2 t depend on past values on σ 2 t , u t and explanatory variables in, e.g., the following exponential way
(cf. Nelson, 1991) . There could also be additional contributions, or at least different ones, to the conditional variance if, e.g., the different thinning operations were dependent (cf. Brännäs and Hall, 2001; Brännäs and Hellström, 2001) . It is also possible to let β i be, e.g., a logistic function of explanatory variables (Brännäs et al., 2002) and to reduce the number of β i s by specifying a distributed lag distribution of, e.g., the form β i = δ 0 exp(−δ 1 i) with δ 0 ∈ (0, 1] and δ 1 ≥ 0 for i ≥ 1.
Estimation
In this section we discuss approaches to the estimation of the unknown parameters of the conditional mean and variance functions. Both the conditional mean and the conditional variance will contain time dependent λ t and σ 2 t specifications, respectively, unless otherwise stated. As we do not assume a full density specification the proposed estimators can be viewed as semiparametric ones.
The conditional least squares (CLS) estimator is focused on the unknown parameters of the conditional mean function and requires an additional step to estimate the unknown parameters of the conditional variance expression, in particular in its σ 2 t part. Typically, CLS estimates, of β = (β 1 , . . . , β q ) 0 and in case λ t is time invariant λ and θ = (θ 1 , . . . , θ k ) 0 when λ t is time-varying, are used and kept fixed when estimating the variance function. In a feasible generalized least squares (FGLS) estimator, these two steps facilitate GLS estimation of the conditional mean function in a final step. Note that for small β i parameters we may expect the conditional variance to be almost constant if σ 2 t = σ 2 holds (cf. (4b)). In such an instance we expect the CLS and FGLS estimators of the parameters to be numerically close.
By a GMM estimator (Hansen, 1982) , all parameters can be estimated jointly. For the GMM estimator weighting is with respect to moment conditions and not with respect to individual observations as in FGLS. We may anticipate better performance of the FGLS than of the GMM estimator for the parameters of the conditional mean function (Brännäs, 1995) . Brännäs and Hall (2001) found the CLS estimator to have weaker bias/mean square error (MSE) performance than a GMM estimator based on probability generating functions. This type of GMM estimator will not be considered here as it is computationally more intricate and currently rests on arbitrarily setting values on the argument of the generating function.
Common to the considered estimators is their reliance on the prediction error
Moment conditions are created with e 1t as the residual and instruments depending on the particular model specification. This corresponds to the normal equations of the CLS estimator, whose solution also makes up the first step of the FGLS estimator. Alternatively, we may use the properties E(e 1t ) = 0 and E(e 1t e 1t−i ) = 0, i ≥ 1. The CLS estimator minimizes the criterion function
, where r = q + 1 and T is the time series length, with respect to the unknown parameter vector
To calculate the e 1t sequence we consider
and advocate using the expected value zero of the final term in (8) rather than using some randomization device. Obviously, there are alternative estimators, such as Durbin's (1959) estimator extended to handle λ, for the estimation of ψ. A recent summary of least squares and related estimators (interpreted as GMM) of low order MA(q) models utilizing dual AR representations is given in Harris (1999) . Method of moment (or GMM) estimation based on the unconditional first and second moments requires the solution of a system of nonlinear equations. Hence, a simplicity argument does not apply and moreover the properties of the estimator are in the MA(q) model not very satisfactory. When standard software based on the assumption E(u t ) = λ = 0 is used to CLS estimate an INMA(q) model, the obtained estimate of the constant term is an estimate of λ P q i=0 β i . Given estimates of β i it is hence possible to obtain an estimate of λ manually.
For the second step, normal equations based on the conditional variance prediction error
are used for FGLS estimation, and incorporated as moment conditions for GMM estimation. Here too the conditional variance specification should have a say on the choice of instrumental variables.
, where s = max(q, P, Q) + 1, is minimized with respect to the parameters of the σ
and with the CLS estimatesψ and {û t } kept fixed. In case σ 2 is time invariant an obvious estimator is of the simple form
For the third step of FGLS, minimizing the criterion
withV taken as given, gives the FGLS estimates of the parameter vector ψ of the conditional mean function. The covariance matrix estimators are:
A robust estimator for the CLS estimator is of the form
. Using a finite maximum lag q for a true INMA(∞) model can be expected to have a biasing effect on the estimator of the constant term λ of the conditional mean function of the INMA(q) model. The conditional expectation of the difference between the infinite and finite models is P ∞ i=q+1 β i u t−i , which has expectation λ P ∞ i=q+1 β i . For large q the latter sum will be close to zero as we expect β i , i ≥ q +1, to approach zero for large q. An estimate of the constant term can then be expected to be only moderately too large. In analogy with a linear regression model and the OLS estimator the conventional analysis of the consequences of omitted variables, i.e. u t−q−1 , . . . , u t−∞ , suggests that we should expect a positive bias in the estimates of β i for small q. This is so, since all β i > 0 and the covariance between included and incorrectly excluded lags of u t is always λ 2 as E(u t u t−j ) = λ 2 , j 6 = 0, under independence. By a related argument, we expect no additional bias if q is chosen larger than some true value q
* . An immediate consequence of these intuitive arguments is that q should, at least, initially be chosen large. Subsequent testing could later be used to reduce the initial q.
The GMM criterion function
has the vector of moment conditions m depending on the specification and is minimized with respect to η 0 = (ψ 0 , ω 0 ). The moment conditions corresponding to the conditional mean are collected into
where m ≥ q. In the Monte Carlo study below we use e 1t , e 1t e 1t−1 , . . . , e 1t e 1t−m for m 1 , while for the empirical results we use the first order condition of the CLS estimator, i.e. e 1t ∂e 1t /∂ψ k = 0, to give the conditions.
For the conditional variance the moment conditions are formed from E(e 
The covariance matrix of the parameter estimator is, when W is set equal to an identity matrix, estimated by
0 . When the numbers of moment conditions and parameters
Model Evaluation
To test against serial correlation in standardized residualsê 1t /V 1/2 (y t |Y t−1 ) and squared standardized residuals we may use the Ljung-Box test statistic
, where r i is the lag i autocorrelation of the standardized residual. Under homoskedasticity and independence the test statistic is asymptotically χ 2 (K) distributed. Davis and Dunsmuir (2000) and Lobato, Nankervis and Savin (2001) recently considered corrections to the LjungBox statistic when heteroskedasticity and serial correlation are present.
Forecasting
For an INMA(∞) model the forecasts µ T +h|T = E(y T +h |Y T ), h ≥ 1, are
The limiting value of the forecast as h → ∞ is λ P ∞ i=0 β i , which is the mean of the process. For finite q the sum to infinity in the second term is replaced by summing up to q for h ≤ q. For h > q, the forecast is again equal to the mean of the process, i.e. λ P q i=0 β i . The variance of the forecast error e T +h = y T +h −µ T +h|T is for the INMA(∞) model with known parameters
For h ≤ q, the forecast error variance for the INMA(q) model is s T +h|T = σ
Obviously, the uncertainty in estimated parameters will increase these variances. To obtain expressions for such variances we could consider various approximations to V (e T +h ) = Eη(s T +h|T,η ) + Vη(µ T +h|T,η ). Using first order Taylor expansions of the two terms around the true parameter vector η we get the approximative variance
where g = ∂s T +h|h /∂η and h = ∂µ T +h|h /∂η. Most often a consistent estimator (E(η) − η = 0) and a large sample (Cov(η) ≈ 0) are assumed in which case s T +h|T evaluated at estimates is the expression to employ.
A Small Monte Carlo Experiment
In this small Monte Carlo experiment we study the bias and MSE properties of the CLS, FGLS and GMM estimators for finite-lag specifications, when data is generated according to an infinite-lag INMA model. In addition, we study the serial correlation properties of estimated models by the Ljung-Box statistic as well as the properties of forecasts one and two steps ahead. The data generating process is as in (1), with β i = exp(γ 0 + γ 1 i), i ≥ 1, and β 0 = 1. The {u t } sequence is generated as Poisson with parameter λ, so that σ 2 = λ is time invariant in the conditional variance (4b). 3 We set λ = 5, γ 0 = −1.5, γ 1 = −0.1, −0.2, −0.3 and −0.4, and T = 1000 and 10 000. The number of replications is 1000 in each design point. In generating the data the first 50 observations are discarded, which appears safe as β i is effectively zero at lag 50 for the used γ 0 and γ 1 combinations.
For the estimators we choose q = 10, 20 and 30. By the q choices we will effectively study under as well as overparameterized model version. 4 We use a simplex algorithm to minimize the criterion function of each estimator. For the GMM estimator we set W equal to the identity matrix. The Ljung-Box statistic is based on 10 autocorrelations, and the forecast horizon is h = 2.
We report bias and MSE results for β i after accumulation over i = 1, . . . , 10 for all employed q values. The full results are summarized in Table A1 of the Appendix, while Figure 2 contains the results for the CLS estimator. Starting with the CLS estimator we find that as sample size increases there is a decline in MSE throughout. For the bias there is a decline only for the most overparameterized case of q = 30. Biases and MSEs drop as q increases. Biases are negative for q = 10 and 20, with the exception of the γ 1 = −0.1 case for q = 10. This is the most underparameterized model. For q = 10 the absolute bias drops from 14.6 percent (or on average 1.46 percent for the individual parameter) for γ 1 = −0.1 to 4.4 percent and less for γ 1 ≤ −0.2. The FGLS and GMM estimators also focus on the σ 2 parameter, albeit in different ways. The biases and MSEs of the GMM estimator are in most cases the poorest. The FGLS estimator has smaller biases and MSEs than the CLS estimator for q ≤ 20 and all estimators are quite close for q = 30. Setting σ 2 = λ and letting all other parts of the conditional variance be known improves on the performance of the GMM estimator though not by much. Note that the use of a weight matrix different from the identity matrix may change these outcomes.
In some additional experiments with e 1t ∂e 1t /∂ψ k = 0 instead of e 1t e 1t−k in forming the m 1 part of the moment conditions for the GMM estimator it was found that the MSE is larger for γ 1 = −0.1 but smaller for other γ 1 -values, in particular for T = 10 000. The bias is larger is larger for γ 1 = −0.1 and −0.2 and smaller for the other γ 1 -values. For q = 30 the large number of parameters makes this a very slow estimator, at least, for simulations.
In summary, the FGLS estimator comes out as the best estimator of P 10 i=1 β i . However, the CLS estimator which is the simplest to use of the three considered estimators is not far behind. It is also clear that q should be chosen large.
The ability of the Ljung-Box statistic to detect remaining serial correlation is studied by counting the number of replications exceeding a critical value of χ 2 0.95 (10) = 18.307. The results are summarized in Table A2 . For q = 10 and 30 and T = 10 000 the statistic indicates remaining serial correlation in a large fraction of instances. For q = 20 indications are strong only for γ 1 ≤ 3 The experiments are performed using Fortran codes. Poisson random deviates are generated by the POIDEV function (Press et al., 1992) , while the binomial thinning is performed by the BNLDEV function. The forecasting performance is reported in Table A3 . Both in terms of bias (or mean error) and MSE the FGLS estimator performs better than the other two estimators. In addition, the GMM performance is weaker than that of the CLS estimator. For q = 30 the differences between the performances of estimators are small. If the alternative GMM estimator is used the performance improves and brings GMM close to FGLS.
Data and Descriptives
The time series for the number of transactions per minute in Ericsson B, in the period July 2 -22, 2002, are displayed in Figure 3 . There are frequent zero frequencies and hence the use of a count data modelling approach is called for. In producing the graph and for the analyses of this paper we have deleted all trading before 0935 (trading opens at 0930) and after 1714 (order book is closed at 1720). The reason for these deletions is that our main focus is on ordinary transactions and the first few minutes are likely to be subject to a different mechanism with considerably higher trading frequencies. The final minutes of the trading day have practically no trading. The basic data were downloaded from the Ecovision system and later filtered by the authors. Due to a technical problem in capturing transactions the first captured minute of July 19 is 0959. There are altogether 6875 observations for the Ericsson series. Descriptive statistics and a histogram for the series are given in Figure 4 .
Autocorrelation functions for the series and its first difference are given in Figure 5 . For the level series, the function indicates long memory. The autocorrelations after lag one of the first difference series are practically zero. The partial autocorrelation functions die out gradually for both the level and the difference series. Taken together the functions for the first difference series sig- nal that a model for such a series should include a MA(1) component. The autocorrelations for the level series suggest that a low order AR-part is required together with a low order MA-part. With respect to the mean pattern over the day there is more trading during the first two hours than later. When specifying and estimating INARMA models according to the conventional Box-Jenkins methodology, in both level and first difference forms, it is obvious that, at least, theβ 1 estimates are large and have negative signs and that the INAR(1) parameter is suspiciously close to one (cf. Table 1) . 5 Hence there is a violation of the probability interpretation of β i . It also appears that pure but higher order INAR models are not successful in eliminating serial correlation. Therefore, there is empirical justification for considering INMA models with long lags even though such models are less parsimoniously parameterized.
For the purpose of evaluating the impact of explanatory variables on λ t and σ 2 t we also have access to price, volume and spread. These are recorded at the last transaction of the previous minute, i.e. at t − 1. In case there is no transaction in the previous minute(s), we use the most recent previous notations. Instead of including variables in levels we use first differences to reflect news: ∇p t = p t−1 − p t−2 reflects the news (innovation when p t follows a random walk) value in the price, ∇v t = v t−1 − v t−2 in volume and ∇s t = s t−1 − s t−2 in the spread. For volume we divide through by 10 000 000.
Empirical Results
The empirical results are presented in terms of finite-lag INMA(q) models. Estimation is carried out by the conditional and feasible generalized least squares (CLS(FGLS) estimators for the standard INMA(q) model as well as when a time-varying λ t is allowed for. GMM estimation is employed for full models including conditional heteroskedasticity and time-varying λ t specifications.
AIC and SBIC criteria are used to find the lag length q, allowing for no Table 2 : Estimation results for INMA(q) models for Ericsson (s.e. times 100).
gaps in the β i sequence. For Ericsson AIC is minimized at q = 50, while SBIC indicates an order q = 47. Both criterion functions are quite flat indicating some uncertainty with respect to a true q-value. 6 CLS estimation results for pure INMA models are presented in Table 2 . Though differences between estimates are quite small, the smaller q-value gives estimates that are larger for low lags and smaller for large lags. The standard errors of the estimates (based on a numerical derivative version of A −1 ) are throughout small and for both q-values individual hypotheses of β i = 0, i = 1, . . . , q, are rejected throughout. Note also thatβ i estimates are larger than zero throughout even if an unrestricted estimator is used. The confidence intervals at the same lag overlap in most instances. For q = 47, theβ i estimates give a mean lag of 15.8 minutes and a median lag of 14 minutes, while for q = 50 the mean lag is 16.0 minutes and the median 14 minutes. Hence, for the measurement of reaction time the q-choice does not matter much in this case.
For both models R 2 = 0.54, while the fit of models containing an INAR(1) parameter (cf. Table 1 ) is better than for pure INMA models. Note also that there are no strong correlations between estimates in this case. Table 2 suggests that theβ i s are roughly linear in i. A linear regression givesβ i = 0.175−0.0029i (R 2 = 0.84) for q = 47 andβ i = 0.174 − 0.0029i (R 2 = 0.85) for q = 50. The goodness-of-fit improves further ifβ 1 is dropped for these regressions.
There is no remaining serial correlation in the standardized residual, for either q-value, when for the conditional variance we use that of the Poisson distributed INMA(q), i.e. we setσ 2 =λ. However, the squared standardized residuals indicate remaining conditional heteroskedasticity for both models. The largest autocorrelation coefficient is 0.057 for the squared and −0.018 for the standardized residual. As a first step of attempting to find a remedy for the squared residual problem, a time invariant σ 2 is estimated in a second step of the FGLS estimator. For both q-values theσ 2 s are substantially larger than the correspondingλ estimates. Usingσ 2 instead ofλ gives roughly the same LB 20 statistic, while for the squared standardized residual values increase substantially. Estimating models with β i = κ 0 + κ 1 i, where κ 0 and κ 1 are the unknown parameters, leads to more severe serial correlation.
Next, we consider the impact of explanatory variables on λ t and on σ 2 t . Table 3 reports FGLS and CLS estimates for INMA(q) with λ t specifications for q = 50. The FGLS estimates are obtained by using the CLS estimateŝ e 1t and P q i=1βi (1 −β i )û t−i to estimate a σ 2 t model. Corresponding to thê λ t specification we haveσ 2 t = exp(1.17 + 0.03 lnσ 2 t−1 − 3.70∇p t + 0.08∇p
10. This suggests that a negative price change increases volatility while a positive change reduces volatility. A negative spread change lowers volatility while a widening spread increases volatility. A dummy variable for trading before 1101 AM had no significant effect even though trading is more frequent in the early hours of the day.
On comparison with Table 2 , the CLSβ i estimates are marginally smaller for Note: λ t = exp(θ 0 + θ 1 λ * t−1 + θ 2 ∇p t + θ 3 ∇p + t + θ 4 ∇s t + θ 5 1 t ), where λ * t−1 = ln λ t−1 , ∇p + t = 0 for ∇p t ≤ 0 and ∇p + t = ∇p t for positive news, and 1 t = 1(t ≤ 1100).
all lags. In addition, the FGLS estimates are sometimes smaller than the CLS estimates. For CLS the lag 49 estimate has a negative sign but is insignificant. It remains insignificant and small when estimated by the FGLS estimator the sign is correct.
In the λ t function the lagged mean level, λ t−1 , has a rather small but significant effect when estimated by the FGLS estimator, while it is insignificant in the CLS estimated model. In terms of the CLS estimates there are significant asymmetric but not very different effects for the price change variable; with a tick size of 0.1 SEK we expect an enhancing average effect of 0.63 for a positive and 0.73 for a negative one tick change. The asymmetry is insignificant for FGLS but the corresponding estimated effects are larger and equal to −0.81 and 0.39, respectively. News about spread increase the frequencies. These are expected signs when compared to duration models for the same underlying data (Brännäs and Simonsen, 2003) . The current effects are more significant as for the duration data only the news about prices came out with a significant effect. To account, at least, partly for seasonal within days effects we included a dummy variable 1(t ≤ 1100) which takes value one for transactions before 1101 AM and zero otherwise. The estimated effect is positive and significant for both estimators.
There is no practical change in the serial correlation properties for the CLS estimated model withσ 2 t =λ t , though the Ljung-Box statistic for the squared residuals is much smaller and not very far from a p-value of 0.05. In this case the largest autocorrelations are −0.038 and 0.032 (squared standardized residual) for q = 50. The effect of news in volume also come out significantly but implies substantial serial correlation in bothê 1t /V 1/2 (y t |Y t−1 ) and its square. When λ t is changed to have a linear form there are no serial correlation problems. Unfortunately,λ t is then negative for some 30 percent of the observations. Obviously, this is a logically unappealing feature. For the FGLS estimated model we note that conditional heteroskedasticity no longer appears a problem, while the standardized residual now signals trouble. The largest autocorrelation coefficients are 0.042 and 0.021 (squared standarized residual).
Full models including σ 2 t of the exponential type in (6) have been estimated by GMM. In each instance there is no serial correlation in the standardized residual, but there is serial correlation in the squared standardized residuals of about the same magnitude as the CLS of Table 3 .
Concluding Remarks
The suggested integer-valued moving average model has relatively straightforward moment properties and estimating the unknown parameters by well-known techniques is relatively simple. In addition, both the conditional least squares and feasible least squares estimators are readily available in many standard statistical packages and have the good statistical properties.
The current paper focused on modelling a time series of the intra-day number of transactions per time unit using the integer-valued moving average model class. In its practical implementation for the time series of the number of transactions in Ericsson B, we found both promising and less advantageous features of the model. With the CLS estimator it was relatively easy to model the conditional mean in a satisfactory way in terms of both interpretation and residual properties. It was more difficult to obtain satisfactory squared residual properties for the conditional variance specifications that were tried. The FGLS estimator reversed this picture and we suggest that more empirical research is needed on the interplay between the conditional mean and heteroskedasticity specifications for count data. Depending on research interest the conditional variance parameters are or are not of particular interest. For studying reaction times to shocks or news it is the conditional mean that matters, in much the same way as for conditional duration models. In addition, the conditional variance has no direct ties to, e.g., risk measures included in, e.g., option values or portfolios. 
